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Abstract

This article describes the implementation and use of the R package dbscan, which
provides complete and fast implementations of the popular density-based clustering al-
gorithm DBSCAN and the augmented ordering algorithm OPTICS. Compared to other
implementations, dbscan offers open-source implementations using C++ and advanced
data structures like k-d trees to speed up computation. An important advantage of this
implementation is that it is up-to-date with several primary advancements that have been
added since their original publications, including artifact corrections and dendrogram ex-
traction methods for OPTICS. Experiments with dbscan’s implementation of DBSCAN
and OPTICS compared and other libraries such as FPC, ELKI, WEKA, PyClustering,
SciKit-Learn and SPMF suggest that dbscan provides a very efficient implementation.
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1. Introduction

Clustering is typically described as the process of finding structure in data by grouping sim-
ilar objects together, where the resulting set of groups are called clusters. Many clustering
algorithms directly apply the idea that clusters can be formed such that objects in the same
cluster should be more similar to each other than to objects in other clusters. The notion
of similarity (or distance) stems from the fact that objects are assumed to be data points
embedded in a data space in which a similarity measure can be defined. Examples are meth-
ods based on solving the k-means problem or mixture models which find the parameters of a
parametric generative probabilistic model from which the observed data are assumed to arise.
Another approach is hierarchical clustering, which uses local heuristics to form a hierarchy of
nested grouping of objects. Most of these approaches (with the notable exception of single-
link hierarchical clustering) are biased towards clusters with convex, hyper-spherical shape. A
detailed review of these clustering algorithms is provided in Kaufman and Rousseeuw (1990),
Jain, Murty, and Flynn (1999), and the more recent review by Aggarwal and Reddy (2013).

Density-based clustering approaches clustering differently. It simply posits that clusters are
contiguous ‘dense’ regions in the data space (i.e., regions of high point density), separated by
areas of low point density (Kriegel, Kroger, Sander, and Arthur 2011; Sander 2011). Density-
based methods find such high-density regions representing clusters of arbitrary shape and
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typically have a structured means of identifying noise points in low-density regions. These
properties provide advantages for many applications compared to other clustering approaches.
For example, geospatial data may be fraught with noisy data points due to estimation errors
in GPS-enabled sensors (Chen, Ji, and Wang 2014) and may have unique cluster shapes
caused by the physical space the data was captured in. Density-based clustering is also a
promising approach to clustering high-dimensional data (Kailing, Kriegel, and Kroger 2004),
where partitions are difficult to discover, and where the physical shape constraints assumed
by model-based methods are more likely to be violated.

Several density-based clustering algorithms have been proposed, including DBSCAN algo-
rithm (Ester, Kriegel, Sander, Xu et al. 1996), DENCLUE (Hinneburg and Keim 1998) and
many DBSCAN derivates like HDBSCAN (Campello, Moulavi, Zimek, and Sander 2015).
These clustering algorithms are widely used in practice with applications ranging from find-
ing outliers in datasets for fraud prevention (Breunig, Kriegel, Ng, and Sander 2000), to
finding patterns in streaming data (Chen and Tu 2007; Cao, Ester, Qian, and Zhou 2006),
noisy signals (Kriegel and Pfeifle 2005; Ester et al. 1996; Tran, Wehrens, and Buydens 2006;
Hinneburg and Keim 1998; Duan, Xu, Guo, Lee, and Yan 2007), gene expression data (Jiang,
Pei, and Zhang 2003), multimedia databases (Kisilevich, Mansmann, and Keim 2010), and
road traffic (Li, Han, Lee, and Gonzalez 2007).

This paper focuses on an efficient implementation of the DBSCAN algorithm (Ester et al.
1996), one of the most popular density-based clustering algorithms, whose consistent use
earned it the SIGKDD 2014’s Test of Time Award (SIGKDD 2014), and OPTICS (Ankerst,
Breunig, Kriegel, and Sander 1999), often referred to as an extension of DBSCAN. While
surveying software tools that implement various density-based clustering algorithms, it was
discovered that in a large number of statistical tools, not only do implementations vary sig-
nificantly in performance (Kriegel, Schubert, and Zimek 2016), but may also lack important
components and corrections. Specifically, for the statistical computing environment R (Team
et al. 2013), only naive DBSCAN implementations without speed-up with spatial data struc-
tures are available (e.g., in the well-known Flexible Procedures for Clustering package (Hennig
2015)), and OPTICS is not available. This motivated the development of a R package for
density-based clustering with DBSCAN and related algorithms called dbscan. The dbscan
package contains complete, correct and fast implementations of DBSCAN and OPTICS. The
package currently enjoys thousands of new installations from the CRAN repository every
month.

This article presents an overview of the R package dbscan focusing on DBSCAN and OPTICS,
outlining its operation and experimentally compares its performance with implementations in
other open-source implementations. We first review the concept of density-based clustering
and present the DBSCAN and OPTICS algorithms in Section 2. This section concludes with
a short review of existing software packages that implement these algorithms. Details about
dbscan, with examples of its use, are presented in Section 3. A performance evaluation is
presented in Section 4. Concluding remarks are offered in Section 5.

A version of this article describing the package dbscan was published as Hahsler, Piekenbrock,
and Doran (2019) and should be cited.

Hahsler M, Piekenbrock M (2022). _dbscan: Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) and Related Algorithms .
R package version 1.1-11, <https://github.com/mhahsler/dbscan>.
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